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Abstract

Fine-grained spatio-temporal understanding is essential
for video reasoning and embodied AI. Yet, while Multimodal
Large Language Models (MLLMs) master static semantics,
their grasp of temporal dynamics remains brittle. We present
TimeBlind, a diagnostic benchmark for compositional spatio-
temporal understanding. Inspired by cognitive science, Time-
Blind categorizes fine-grained temporal understanding into
three levels: recognizing atomic events, characterizing event
properties, and reasoning about event interdependencies.
Unlike benchmarks that conflate recognition with temporal
reasoning, TimeBlind leverages a minimal-pairs paradigm:
video pairs share identical static visual content but differ
solely in temporal structure, utilizing complementary ques-
tions to neutralize language priors. Evaluating over 20
state-of-the-art MLLMs (e.g., GPT-5, Gemini 3 Pro) on 600
curated instances (2400 video-question pairs), reveals that
the Instance Accuracy (correctly distinguishing both videos
in a pair) of the best performing MLLM is only 48.2%,
far below the human performance (98.2%). These results
demonstrate that even frontier models lack temporal rea-
soning, positioning TimeBlind as a vital diagnostic tool for
next-generation video understanding. We will release the
data and code. Dataset and code are available at https:
//baiqi-li.github.io/timeblind_project/.

1. Introduction
Fine-grained spatio-temporal understanding is fundamental
for long-horizon video reasoning [33, 43] and embodied
AI [39, 50]. Beyond simply recognizing what is present,
an intelligent system must infer what changes, how it
changes, and how multiple changes compose into causal
structures. While recent Multimodal Large Language Mod-
els (MLLMs) [4, 8, 9, 32, 35] demonstrate impressive perfor-
mance on general benchmarks, their “sense of time” remains
surprisingly brittle. As shown in Figure 1, even frontier mod-
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What does the person do with the cup while pouring milk into the coffee?

A) Shaking the cup. B) Holding the cup still.

Each video is only ～10 seconds long.

B) Holding Still. 
The cup remains 
steady rather than 
being shaken.

B) Holding Still. The 
person uses their 
other hand to keep the 
glass cup steady and 
stationary on the table.

B) Holding Still.
There’s no shaking 
motion of the cup 
during the pour.

B) Holding Still.
The person's left hand 
steadies the glass on 
the table without 
moving or shaking it.

Shaking the Cup 

Holding the Cup Still

Fails to Distinguish !
GPT-5 Gemini-3-Pro

Figure 1. An example video pair that shares identical static
visual content but differs solely in motion dynamics. The top
video shows a person shaking a cup, while the bottom video shows
them holding it still. Even the most advanced models like GPT-5
and Gemini 3 Pro fail to distinguish the actions in the video pair.

els (e.g., GPT-5 and Gemini 3 Pro) struggle to distinguish
atomic actions (e.g., shaking vs. holding) in videos as short
as 10 seconds. Moreover, models often misjudge relative dy-
namics (e.g., accelerating vs. decelerating), and frequently
fail to resolve linguistic temporal connectives (e.g., “as soon
as”). This discrepancy suggests that current benchmark
scores [10, 13, 14, 24, 53, 56] severely overestimate genuine
temporal understanding capabilities.

The root issue lies in evaluation design. Existing bench-
marks [10, 24, 27, 53] rarely isolate temporal structure as
the sole discriminative factor. As a result, many models
exploit “static shortcuts”—correlating visual entities with
answers without modeling time [19, 21]. Furthermore, lan-
guage priors [23] allow models to guess answers based on
textual plausibility. To truly diagnose understanding, an eval-
uation must hold the visual content constant and vary only
the temporal dynamics.

To address this, we introduce TimeBlind, a diagnostic
benchmark for compositional spatio-temporal understanding
(Table 1). TimeBlind adopts a minimal-pairs design: each
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Table 1. Comparison with prior temporal video benchmarks. We compare coverage of temporal reasoning categories and anti-shortcut
design features. TimeBlind uniquely covers all 13 Allen temporal relations†, includes causal and comparative reasoning, and employs both
paired videos and complementary questions to eliminate static and linguistic shortcuts. The rightmost column shows the gap between human
and best model performance, indicating benchmark difficulty.

TEMPORAL REASONING COVERAGE ANTI-SHORTCUT DESIGN

BENCHMARK SIZE
EVENT
TYPES

EVENT
ATTRIBUTES

TEMPORAL
TOPOLOGIES

CAUSAL
CROSS-EVENT
COMPARISON

VIDEO
PAIRS

COMPL.
QUESTIONS

HUMAN–MODEL
GAP

MVBench [24] 4K 2 2 2 ✗ ✗ ✗ ✗ –
TOMATO [36] 1.4K 2 4 2 ✗ ✗ ✗ ✗ 57.3%
Vinoground [54] 2K 1 1 2 ✗ ✗ ✓ ✗ 40.0%
TempCompass [27] 4K 2 2 2 ✗ ✓ ✓ ✗ –

TimeBlind (Ours) 2.4K 2 6 13† ✓ ✓ ✓ ✓ 50.0%
†Covers all 13 event relations in Allen’s Interval Algebra [1]: before, after, meets, met-by, overlaps, overlapped-by, starts, started-by, finishes, finished-by,
during, contains, equals.

instance contains two videos with near-identical static visual
content that differ solely in temporal structure. To eliminate
language priors, we use complementary questions where the
correct answer flips between paired videos. By removing
static and linguistic shortcuts, TimeBlind forces models to
rely exclusively on temporal evidence. Unlike large-scale
noisy benchmarks, TimeBlind prioritizes high-fidelity diag-
nostic precision. Similar to Winoground [41], each instance
serves as a rigorous test for a specific cognitive primitive,
where high-quality annotations are prioritized over scale.

Crucially, unlike prior work [19, 54], TimeBlind evalu-
ates logical composition, not just perception. Inspired by
cognitive science, we extend the theory of Image Compo-
sitionality [18, 22] to the temporal domain, organizing the
benchmark around a hierarchical taxonomy: (i) Events, ad-
dressing what happened (e.g., changes in object attributes
or action understanding); (ii) Event Attributes, describing
how events unfold (e.g., speed, magnitude of change); and
(iii) Structural Event Logic, examining how multiple events
are composed (e.g., temporal topology, causality, and cross-
event comparison). Within this framework, we encompass a
diverse set of 11 fine-grained categories in real-world scenar-
ios. For example, regarding Temporal Topology in Structural
Event Logic, we incorporate Allen’s Interval Algebra [1] by
constructing videos that cover all 13 temporal event rela-
tions (e.g., overlaps, meets, equals) and designing questions
that distinguish specific topology differences within each
pair, going beyond simple sequencing relations (e.g., before,
after) used in prior work.

We evaluate over 20 state-of-the-art MLLMs, including
leading proprietary models (e.g., Gemini 3 Pro [35], GPT-
5 [32]) as well as strong open-source models (e.g., Qwen3-
VL [4], Molmo2 [9], PLM [8]), on 600 curated instances
(totaling 2,400 video-question pairs). We find that even the
top-performing model, Gemini-3 Pro, achieves only 48.2%
Instance Accuracy (I-Acc), which requires correctly distin-
guishing both videos in a pair, falling far below human per-

formance (98.2%). Furthermore, while advanced models like
Gemini-3 Pro and GPT-5 demonstrate reasonable proficiency
in recognizing isolated events (achieving 49.2% and 58.3%
I-Acc, respectively), their performance degrades sharply on
event attributes—such as Speed (slowly vs. rapidly), and
Force (forcefully vs. gently)—dropping to 36.7% and 32.3%
I-Acc. Moreover, extensive ablation studies demonstrate that
model performance remains poor even with increased input
frames or test-time reasoning, as GPT-5 gains only 3.3%
I-Acc, indicating models remain “time-blind” and fragile in
temporal reasoning. We believe TimeBlind will serve as a
vital diagnostic tool for evaluating and developing MLLMs
capable of genuine temporal logic.

In summary, our main contributions are:
• TimeBlind Benchmark. A diagnostic, minimal-pairs

benchmark that isolates temporal structure while mini-
mizing static shortcuts and language priors.

• Taxonomy of Temporal Compositionality. A cognitive
hierarchy—Events, Attributes, and Structural Logic—that
guides systematic benchmark construction and evaluation.

• Diagnostic Findings. An evaluation of over 20 SOTA
MLLMs revealing a significant gap between perceived and
actual temporal reasoning capabilities.

2. Related Work
VideoQA Benchmarks. Early VideoQA datasets [15, 20,
34, 44, 46, 47, 53] focus on simple scenarios with short clips
and limited question types. Recent benchmarks address com-
prehensive evaluation [10, 24, 29], complex reasoning [7,
13, 31, 38], long-form understanding [30, 37, 43, 45, 49, 56],
and domain-specific settings [28, 33, 51]. However, most do
not isolate temporal structure as the sole discriminative fac-
tor, allowing models to exploit static shortcuts—relying on
object co-occurrence or language priors without genuinely
modeling temporal dynamics [19, 21, 23].
Evaluating Spatio-Temporal Compositionality. To assess
the spatio-temporal understanding capabilities of MLLMs,
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Figure 2. TimeBlind Taxonomy and Statistics. Left: We structure the evaluation into 11 fine-grained spatio-temporal compositional
categories spanning three high-level aspects: Atomic Events (what changes), Parametric Event Attributes (how it changes), and Structural
Event Logic (how events compose). Top Right: Distribution of video lengths across the benchmark, showing that most videos fall within
the 0–15 seconds. Bottom Right: Distribution of question word counts, indicating that most questions are under 30 words. Overall, our
benchmark features a structured taxonomy with diverse categories while maintaining short videos and concise questions.

several recent benchmarks have introduced diverse aspects
of visual reasoning. In the image understanding domain,
BLINK [11] reformats and groups classic vision prob-
lems into perception-centric multiple-choice questions and
carefully removes language priors. In the video under-
standing domain, several works explicitly target temporal
understanding by designing temporally challenging ques-
tions [5, 16, 36, 48]. Beyond single-video evaluation, a
growing line of work adopts paired video–question proto-
cols to more precisely diagnose temporal reasoning. TEMP-
COMPASS [27] constructs paired videos by systematically
manipulating an original video, such as reversing playback
or altering temporal speed, thereby isolating temporal un-
derstanding from “static shortcuts.” VINOGROUND [54]
further strengthens this paradigm by requiring models to
answer identical questions over paired videos, where the
correct answer is determined solely by temporal differences,
effectively removing language priors. Follow-up works like
GLIMPSE [57] and MVP [19] scale this approach to test
physical and visual-centric reasoning. Different from prior
works, TIMEBLIND achieves spatio-temporal composition-
ality through a carefully curated formal taxonomy. Drawing
inspiration from cognitive event perception [3] and extending
the theory of image compositionality [18, 23, 41], we de-
compose temporal reasoning into atomic Events, parametric
Event Attributes, and Structural Logic.

3. The TimeBlind Benchmark

In this section, we describe the design of TimeBlind, a diag-
nostic benchmark for rigorously evaluating compositional
spatio-temporal understanding. Our design is grounded in
two principles: (i) a temporal minimal-pair protocol that
minimizes visual shortcuts and language priors, and (ii) a
cognition-inspired compositionality taxonomy that decom-
poses temporal reasoning into three primitives: Events, Event
Attributes, and Structural Event Logic.

3.1. Task Formulation

We structure each instance as T = (v1, v2, q1, q2), follow-
ing the design below. This design creates a discriminative
challenge where shortcut solutions are effectively “canceled
out,” forcing the model to rely on temporal evidence.
Temporal Minimal Pairs. The video pair (v1, v2) consti-
tutes a minimal pair: videos share identical static content
(e.g., objects, background) but differ along an isolated tem-
poral axis in our taxonomy (Section 3.2). Consequently,
a model cannot distinguish v1 from v2 without explicitly
modeling the temporal features (e.g., opening vs. closing).
Logical Complementarity. The questions (q1, q2) are com-
plementary: for any question, the ground-truth answer flips
between the two videos (e.g., Ans(v1, qj) ̸= Ans(v2, qj)
for j ∈ {1, 2}). This design neutralizes language priors,
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• Question A:

• Question B:

Is the girl walking faster and faster?

Is the girl walking slower and slower?

SPEED UP 
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Video B:
1. Static Consistency

2. Temporal Isolation

3. Question Validity

Step 1: Schema Generation Step 2: Video Acquisition Step 3: Manual Review

Video Sources Question A:

Is the girl walking faster and faster?

Is the girl walking slower and slower?

Question B:

Video A:

Video B:

Video-Question Pairs:
(Question A, Video A, Answer: Yes )

(Question A, Video B, Answer: No )

(Question B, Video A, Answer: No)

(Question B, Video B, Answer: Yes )

GPT-5

Design two complementary questions

about temporal differences between the 

video pair.

Choose One Source :

Collect a Pair of Videos
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Figure 3. Overview of the TimeBlind data construction pipeline. Stage 1 (Schema Generation): We prompt GPT-5 to generate paired
complementary questions targeting temporal differences. Stage 2 (Video Acquisition): We collect one video pair that matches the generated
schema from one of the following sources: (i) Retrieving videos from the internet, (ii) Recording videos with humans, or (iii) Generating
videos via simulation (e.g., Unity). We then pair these videos with the questions to form a candidate TimeBlind instance. Stage 3 (Manual
Review): Human annotators manually review each instance to ensure: (i) Static Consistency (videos share identical static content), (ii)
Temporal Minimality (the pair differs only in the targeted temporal factor), and (iii) Question Validity (QA pairs are clear and correct).

preventing models from exploiting textual plausibility.
Diagnostic Metrics. Following rigorous diagnostic proto-
cols [23, 41], we report a hierarchy of metrics to mitigate
shortcuts and assess the models’ genuine temporal under-
standing:
• Accuracy (Acc): Standard accuracy computed over all

individual video–question trials.
• Video Accuracy (V-Acc): Measures visual consistency;

correct only if the model answers both questions correctly
for a single video vj .

• Question Accuracy (Q-Acc): Measures textual consis-
tency; correct only if the model answers question qi cor-
rectly for both videos.

• Instance Accuracy (I-Acc): An instance is correct if and
only if the model solves all four trials. I-Acc is our primary
proxy for spatio-temporal understanding, as it necessitates
reliably distinguishing the temporal difference between
the paired videos.

3.2. A Hierarchy of Temporal Composition

To systematically evaluate temporal understanding, we orga-
nize TimeBlind around a compositional taxonomy mirroring
a bottom-up cognitive process: from recognizing atomic
changes (Events), to measuring their intrinsic properties
(Event Attributes), and finally reasoning about their inter-
dependencies (Structural Event Logic), shown in Figure 2.

I. Events. This foundational primitive tests the detection of
atomic visual changes, demanding that models distinguish
actual temporal evolution from static object presence.
• Fine-Grained Actions: Discriminating actions sharing

visual context but differing in temporal dynamics (e.g.,
opening vs. closing) or semantic nuance (e.g., placing vs.
pushing).

• State Transitions: Tracking object property changes over
time (shape, size, color, emotion)—e.g., liquid changing
from clear to opaque.

II. Event Attributes. This primitive tests the perception of
how an event unfolds, requiring sensitivity to continuous or
qualitative parameters rather than categorical recognition.
• Kinematics: Properties governing motion in space-time,

including Speed (fast/slow), Direction (forward/back-
ward), Duration (brief/long), and Repetition (once/twice).

• Dynamics & Manner: Properties reflecting physical
forces or execution style, including Force (gentle/forceful)
and Magnitude (slight/broad movement).

III. Structural Event Logic. This level tests how multiple
events relate and compose into higher-order structures.
• Temporal Topology: We adopt Allen’s Interval Alge-

bra [1] to comprehensively evaluate interval relations. Un-
like prior work limited to simple sequencing (before/after),
we cover all 13 relations in our videos, such as overlaps,
meets, starts, and during.



• Causal Contingency: Identifying causal links between
events (e.g., distinguishing causation from correlation).

• Cross-Event Comparison: Comparative reasoning across
distinct events (e.g., “Does the person hold the cup longer
than the book?”).

3.3. Data Construction Pipeline
We use a three-stage pipeline to collect high-quality Time-
Blind data, as shown in Figure 3.
Step 1: Schema Generation. We prompt frontier LLMs
(e.g., GPT-5) with the taxonomy definitions in Section 3.2
to generate structured specifications. Each output includes
a pair of video descriptions (e.g., “a girl walks in a park
and gradually speeds up” and “a girl walks in a park and
gradually slows down”) that differ only in the target temporal
factor (e.g., “Speed”), along with complementary questions
(e.g., “Is the girl walking faster and faster?” and “Is the girl
walking slower and slower?”).
Step 2: Video Acquisition. We collect video pairs from
three sources: (i) internet retrieval (extracting temporally
distinct segments from the same source video), (ii) human
recording, or (iii) simulation (e.g., Unity) for precise tem-
poral control. We then pair the collected videos with the
questions to form a candidate TimeBlind instance.
Step 3: Rigorous Human Verification. Every instance
undergoes strict manual review. Annotators verify (i) Static
Consistency, ensuring both videos share identical static con-
tent; (ii) Temporal Minimality, confirming the pair differs
only in the targeted temporal factor; and (iii) Question Valid-
ity, ensuring the QA pairs are clear and correct.
Statistics. TimeBlind comprises 2,400 curated video-
question pairs, consisting of binary and two-choice multiple-
choice questions. The video sources are distributed as fol-
lows: 24.0% from Internet Retrieval, 57.7% from Human
Recording, and 18.3% from Simulation. For category dis-
tribution, we maintain an approximate 1:1:1 ratio across
Event, Event Attribute, and Structural Event Logic. Within
the Temporal Topology sub-category, we ensure a balanced
distribution across 13 distinct Allen interval types.

4. Experimental Setup

Baseline Models. To thoroughly assess the challenges posed
by TimeBlind, we evaluate over 20 MLLMs, including
both frontier proprietary models (e.g., GPT-5 [32], Gem-
ini 3 Pro [35], Claude [2], and Qwen3-VL Plus [4]) and
state-of-the-art open-source models (e.g., Qwen3-VL [4],
InternVL 3.5 [42], Molmo2 [9], PLM [8], Keye-VL [40],
MiniCPM-V-4.5 [52], GLM-4.1V [12], and Eagle 2.5 [6]).
Evaluation Metrics. We adopt the hierarchy of metrics
defined in Section 3.1, including Standard Accuracy (Acc),
Video Accuracy (V-Acc), Question Accuracy (Q-Acc), and
our primary metric, Instance Accuracy (I-Acc).

Implementation Details. We conduct most experiments
on 4 NVIDIA H100 GPUs, each with 96GB of memory.
For proprietary models (e.g., GPT-5, Gemini 3 Pro) and
large-scale open-source models (e.g., Qwen3-VL-235B), we
utilize the official APIs. Unless otherwise specified, we
sample videos uniformly at 1 FPS (the default frame rate for
most models) and evaluate models in a zero-shot setting. We
also report experimental results across FPS settings from 1
to 10 in the Appendix 7.5.

5. Experimental Results

5.1. Main Results
In Table 2, we present the overall model performances on
our benchmark, revealing that all models perform poorly
in fine-grained temporal video understanding. While many
models achieve relatively high standard accuracy (Acc), they
struggle to achieve good Instance Accuracy (I-Acc), which
requires correctly distinguishing both videos in a pair. For
instance, despite leading models like GPT-5 and Gemini 3
Pro achieving high Acc scores of 77.3% and 76.2% respec-
tively, they only reach 46.3% and 48.2% on I-Acc. This
discrepancy indicates that models remain weak in temporal
understanding and suggests that high performance on Acc is
often driven by shortcuts, rather than a true understanding
of temporal dynamics. Another interesting finding is that
Question Accuracy (Q-Acc) is consistently lower than Video
Accuracy (V-Acc) across all evaluated models. This indi-
cates that models are more prone to hallucinating answers
based on textual patterns than misinterpreting visual cues.
From the results, we also observe that among open-source
models, Molmo2-8B—despite its smaller size—outperforms
a range of sub-10B models and even surpasses the much
larger Qwen3-VL-235B by 5.4% on I-Acc, becoming the
leading open-source model. This suggests that with effective
design choices in model architecture, data curation, and train-
ing process, even smaller models can capture fine-grained
temporal dynamics. Lastly, our results show a significant gap
between open-source and proprietary models in understand-
ing fine-grained temporal dynamics. Specifically, Molmo2-
8B still lags substantially behind GPT-5 and Gemini 3 Pro,
with gaps of 15.1% and 17.0% I-Acc, respectively.
Human Evaluation. We validate TimeBlind with four inde-
pendent annotators (Table 2). Each annotator saw only one
question and one video at a time, with the four (v, q) pairs
from each instance distributed across different annotators.
Humans achieved 98.2% I-Acc—exceeding Gemini 3 Pro
by 50%—showing that temporal dynamics in TimeBlind are
clear to humans while remaining challenging for MLLMs.

5.2. Category-Wise Diagnosis
To pinpoint specific cognitive deficits, we analyze perfor-
mance across the TimeBlind taxonomy in Table 3.



Table 2. Main Results on TimeBlind. We use uniform sampling at 1 FPS and evaluate all models using default configurations. Metrics are
reported following Section 3, with I-Acc as the primary metric. The table is divided into Open-Source (grouped by size: < 10B and > 10B),
and Closed-Source models. Our results suggest that all models perform poorly on fine-grained temporal video understanding, with none of
the methods achieving over 50% I-Acc. Best results are shown in bold.

Model Size Q-Acc (%) V-Acc (%) Acc (%) I-Acc (%)

Random Chance - 25.0 25.0 50.0 6.3
Human Evaluation - 98.8 98.9 99.3 98.2

Open-Source Models

Model Size ≤ 10B

Keye-VL-1.5 [40] 8B 17.5 26.5 55.6 6.6
LLaVA-Video [55] 7B 18.1 34.8 57.8 9.6
InternVL3.5 [42] 8B 30.9 39.0 59.3 13.3
PLM-8B [8] 8B 24.4 32.3 60.6 13.9
F-16 [26] 7B 23.5 39.7 60.5 14.5
video-SALMONN 2+ [39] 7B 26.3 41.7 61.7 16.2
Qwen3-VL [4] 4B 29.9 43.7 62.6 17.7
MiniCPM-V-4.5 [52] 8B 31.7 43.6 62.7 18.3
VideoChat-Flash [25] 7B 31.7 45.4 64.9 19.5
Qwen3-VL [4] 8B 34.5 43.6 64.8 19.7
GLM-4.1V [12] 9B 32.3 45.2 62.0 19.7
Eagle2.5 [6] 8B 32.2 45.7 64.7 20.2
Molmo2 [9] 8B 41.0 52.4 68.7 31.2

Model Size ≥ 30B

InternVL 3.5 [42] 30B 31.4 41.3 61.1 17.0
LLaVA-Video [55] 72B 28.8 45.0 63.2 18.5
Qwen3-VL [4] 235B 38.1 51.7 66.9 25.8

Closed-Source Models

Claude Sonnet 4.5 [2] unknown 30.6 38.5 59.2 13.6
Qwen3-VL Plus [4] unknown 38.7 52.6 67.3 26.0
GPT-5 mini [32] unknown 42.3 53.7 68.3 30.0
Gemini 2.5 Flash [17] unknown 47.6 53.7 68.9 33.2
Gemini 2.5 Pro [17] unknown 56.0 62.6 74.2 43.5
GPT-5 [32] unknown 58.5 67.2 77.3 46.3
Gemini 3 Pro [35] unknown 60.2 66.0 76.2 48.2

• Performance Across Hierarchical Levels. We observe
notable performance gaps across different temporal under-
standing tasks, with models generally performing better on
discrete Events (e.g., distinguishing atomic actions) com-
pared to continuous Event Attributes or Structural Event
Logic. For example, GPT-5 achieves 58.3% accuracy in
the Event category (peaking at 62.5% for Fine-Grained
Action), but performance declines to 32.3% for Event At-
tributes and 48.4% for Structural Event Logic. Further-
more, we note that while LLaVA-Video-72B and InternVL
3.5-38B achieve moderate performance on Events (32.4%
and 33.3%), they perform only slightly above random
chance in the other two categories.

• Physical Dynamics. Performance is lowest in the Event
Attributes category, which requires sensitivity to continu-
ous or qualitative parameters such as kinematics (speed)
and dynamics (force, magnitude). Strong proprietary
models GPT-5 and Gemini 3 Pro only achieve 32.3%
and 36.7% I-Acc, respectively, while the top-performing
open-source model, Molmo2-8B, scores only 20.3%. Fur-
thermore, several models, including Qwen3-VL-235B,
LLaVA-Video-72B, and InternVL 3.5-38B, perform at
near random chance, struggling to distinguish nuances
such as gentle vs. forceful, fast vs. slow, or large vs. small
amplitude. These results expose a systematic deficiency
in current models’ understanding of low-level, physics-



Table 3. Category-Wise I-Acc (%) on TimeBlind. This table reports I-Acc for advanced models across 11 fine-grained temporal
understanding tasks to pinpoint specific cognitive deficits. Due to space constraints, we use the following abbreviations for temporal
categories: FG Action: Fine-Grained Action, State Trans: State Transitions, Mag: Magnitude, Dir: Direction, Dur: Duration, Rep:
Repetition, Temp Topo: Temporal Topology, Causal Cont: Causal Contingency, and Cross Comp: Cross-Event Comparison. We include the
overall performance (Avg) for each high-level category alongside the fine-grained categories. The results show clear performance gaps
across categories. Models generally perform well on discrete Events, but struggle with Event Attributes, which require low-level physical
understanding such as Speed and Force. The best results are bolded.

Models Event Event Attribute Structural Event Logic

FG
Action

State
Trans

Avg Speed Force Mag Dir Dur Rep Avg. Temp
Topo

Causal
Cont

Cross
Comp

Avg

Random Chance 6.3 6.3 6.3 6.3 6.3 6.3 6.3 6.3 6.3 6.3 6.3 6.3 6.3 6.3

Open-Source Models

InternVL3.5-38B 30.7 33.6 32.4 3.6 0.0 4.1 15.7 50.0 5.6 9.4 10.2 5.0 11.4 9.4
LLaVA-Video-72B 23.9 40.5 33.3 0.0 5.6 0.0 8.6 40.0 11.1 7.3 10.2 10.0 18.2 12.0
Qwen3-VL-235B-Instruct 38.6 47.4 43.6 3.6 5.6 8.3 18.6 75.0 13.9 12.5 20.4 7.5 25.0 18.8
Molmo2-8B 54.5 49.1 52.0 10.7 11.1 12.5 31.4 25.0 19.4 20.3 18.5 15.0 18.2 17.7
Closed-Source Models

GPT-5 62.5 55.2 58.3 21.4 16.7 25.0 40.0 75.0 30.6 32.3 49.1 50.0 45.5 48.4
Gemini 3 Pro 49.4 49.0 49.2 58.3 50.0 45.0 23.1 75.0 26.5 36.7 69.0 37.5 50.0 57.8

related temporal dynamics.
• Gap in Structural Logic. We observe that GPT-5 and

Gemini 3 Pro demonstrate relatively robust performance
in Structural Logic Analysis, achieving 48.4% and 57.8%,
respectively. However, a striking disparity emerges be-
tween these proprietary models and their open-source
counterparts. The leading Qwen3-VL-235B achieves only
18.8%—trailing Gemini 3 Pro by 39.0%—and scores a
mere 7.5% in the Causal Contingency sub-category. These
results indicate that while open-source MLLMs may ef-
fectively detect isolated events, they lack the necessary
logical abilities to reason about precise relationships be-
tween multiple events, particularly regarding causality.

5.3. Shortcut Analysis
To verify that solving TimeBlind requires genuine temporal
understanding, we report three tests with GPT-5 in Table 4.
• Single-Frame Bias. This experiment evaluates whether

TimeBlind requires reasoning over a sequence rather than
exploiting information from a single static frame. In this
setting, the model is provided with the question and only
one randomly sampled frame. The results show that GPT-5
performs poorly (4.5% I-Acc), indicating that TimeBlind
requires sequential modeling.

• Language-Only Bias. This experiment evaluates the influ-
ence of language priors within TimeBlind. In this setting,
the model is provided with only the question without any
visual information. As shown in Table 4, GPT-5 achieves
only 1.5% I-Acc, demonstrating that visual information is
essential for our benchmark setting.

• Visual-Cue Shortcuts. Finally, we examine whether the

Table 4. Shortcut Analysis. We report I-Acc for three shortcut
baselines using GPT-5 with 1 FPS sampling: Single Frame Bias (a
question paired with a randomly selected video frame), Language
Only (a question without visual input), and Visual-Cue (a question
with shuffled video frames). The results demonstrate that solving
TimeBlind requires genuine temporal understanding.

Setting Acc Q-Acc V-Acc I-Acc

Random Chance 50.0 25.0 25.0 6.3

GPT-5 (baseline) 77.3 58.5 67.2 46.3

Single Frame 52.2 14.8 32.3 4.5
Language Only 47.3 9.4 26.6 1.5
Visual-Cue 49.6 10.7 23.2 3.0

benchmark can be solved by exploiting static visual cues
that happen to correlate with temporal dynamics. In this
setting, we shuffle the order of the input frames sampled
at 1 FPS to ensure that successfully completing the task
requires an understanding of the temporal sequence rather
than merely detecting specific objects. GPT-5 achieves
only 3.0% I-Acc in this setting, indicating that solving
TimeBlind requires strict temporal understanding.

Moreover, Acc scores across all three settings hover around
random chance, suggesting that correctly answering even
a single question in TimeBlind requires strict temporal un-
derstanding. In summary, TimeBlind stands as a temporal-
centric benchmark robust against shortcut solutions.



Table 5. Effect of Model Size and Input Frames. We report the
I-Acc performance of several open-source and proprietary models
across various model sizes and input frame counts. The results
indicate that simply scaling up model size and frame count fails to
significantly improve performance. Best results within each model
grouping are highlighted in bold with a gray background.

Size Frames Q-Acc V-Acc Acc I-Acc
InternVL 3.5

8B
8 34.7 41.5 61.9 17.1
16 35.6 42.7 62.6 18.5
32 35.6 43.1 62.9 17.4

14B
8 34.2 46.3 63.6 19.9
16 38.2 47.6 65.2 23.5
32 37.7 49.4 65.4 23.9

38B
8 35.8 42.8 63.2 20.4
16 38.9 45.4 64.5 24.4
32 39.4 46.4 65.9 25.1

LLaVA-Video

7B
8 21.8 37.9 59.5 12.4
16 23.4 39.8 60.1 13.9
32 24.7 41.1 60.7 14.6

72B
8 29.7 46.2 63.5 19.9
16 32.4 48.4 65.0 23.0
32 32.8 48.7 65.2 23.3

GPT-5

unknow
8 60.9 69.2 79.0 49.1
16 62.7 69.9 79.5 50.9
32 61.1 68.2 78.7 48.3

Table 6. Inference-Time Reasoning. We compare standard
Qwen3-VL and GPT-5 models against their reasoning-enabled
Thinking counterparts across various settings, using the I-Acc met-
ric at 1 FPS sampling. Results show that sufficient inference-time
reasoning depth improves temporal understanding, but is far from
sufficient to solve TimeBlind.

Model Mode I-Acc (%) ∆

Qwen3-VL-8B Standard 19.6 -
Thinking 27.8 +8.2

Qwen3-VL-235B Standard 25.8 -
Thinking 36.3 +10.4

GPT-5 Standard 46.3 -
Low-Thinking 43.8 -2.5
Med-Thinking 47.9 +1.7
High-Thinking 49.6 +3.3

5.4. Additional Analysis

We conduct ablation studies on three factors: input frames,
model size, and inference-time reasoning. We also report
experimental results across FPS settings from 1 to 10 in the

Appendix 7.5.
Number of Input Frames. Table 5 shows that increasing
frames from 8 to 32 yields only marginal I-Acc gains: 1–5%
for InternVL 3.5 and LLaVA-Video, and less than 2% for
GPT-5. Even with sufficient frames, models struggle with
TimeBlind, revealing fundamental limitations in fine-grained
temporal understanding.
Impact of Model Size. Despite an 10× parameter increase
for LLaVA-Video (7B to 72B) and 5× for InternVL 3.5 (8B
to 38B), both show less than 10% I-Acc improvement across
all frame settings (Table 5). Simply scaling model size does
not yield robust spatio-temporal understanding.
Test-Time Scaling (Reasoning). Table 6 shows inference-
time reasoning results. Due to computational cost, we eval-
uate on a random 30% subset of the data. For Qwen3-VL,
Thinking variants outperform Instruct models, with the 235B
model gaining 10.4% but still achieving only 36.3% I-Acc.
For GPT-5, varying reasoning effort from Low to High yields
modest gains, peaking at 49.6% I-Acc—still far below hu-
man performance (98.2%). While deeper reasoning helps, it
remains insufficient to solve TimeBlind.

6. Conclusion
We introduce TimeBlind, a diagnostic benchmark designed
to rigorously assess the compositional spatio-temporal rea-
soning capabilities of MLLMs. By organizing evaluation
around a structured cognitive taxonomy—spanning atomic
events, event attribute, and structural event logic—and em-
ploying a strict minimal-pair design, we effectively iso-
late temporal understanding from static and linguistic short-
cuts. Our evaluation reveals a significant gap: despite rapid
progress in static vision-language tasks, current state-of-
the-art models remain largely “time-blind,” trailing human
performance by 50% and exhibiting fragility in fine-grained
event attributes and temporal logic. We believe that Time-
Blind will be beneficial for developing MLLMs capable of
understanding fine-grained temporal dynamics.

Impact Statement
This work introduces a diagnostic benchmark for evaluating
temporal understanding in video-language models. We an-
ticipate several positive impacts: (1) TimeBlind can guide
development of more temporally-aware models, which is
critical for applications in robotics, autonomous driving, and
assistive technologies; (2) by revealing systematic failure
modes, our benchmark may help practitioners avoid deploy-
ing models in safety-critical scenarios where temporal rea-
soning is essential.

We also acknowledge potential concerns. Improved video
understanding capabilities could enable more sophisticated
surveillance or content moderation systems, raising privacy
considerations. Additionally, our benchmark primarily fea-



tures videos from controlled settings and internet sources,
which may not represent the full diversity of real-world sce-
narios or populations. We encourage future work to expand
temporal reasoning evaluation to more diverse contexts. The
benchmark itself does not enable direct harmful applica-
tions, as it evaluates rather than enhances model capabilities.
We will release our data and code to support reproducible
research.
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7. Appendix

Outline

This document supplements the main paper by providing
additional details on the TimeBlind benchmark, ablation
studies, and representative failure cases. The contents are
organized as follows:
• The TimeBlind Benchmark: data collection procedures,

prompts used for data generation, quality control process,
benchmark statistics, and taxonomy details.

• Additional Ablation Studies: additional ablation experi-
ments on high-FPS settings and across video subsets with
different levels of video similarity.

• Impact Statement: a discussion of the broader impact of
the TimeBlind benchmark.

• Failure Cases: representative failure examples (1–7).

7.1. Data Collection Processes
Details on human-recorded videos. We recruited 10 par-
ticipants and provided each with generated caption pairs
and clear instructions: (1) record two videos matching the
given captions; (2) maintain static consistency (same people,
props, scene, camera angle); (3) ensure temporal minimality
(videos differ only in the targeted temporal factor); and (4)
meet quality standards (clear footage, similar duration within
pairs). Videos are not limited to single-person scenes—some
include multi-person interactions across settings such as
parks, streets, restaurants, and offices.
Details on internet video collection. Annotators searched
YouTube using LLM-generated captions or relevant key-
words. They manually identified clips matching caption
pairs. Where possible, both clips were sourced from the
same source video to maximize static consistency.
Details on generated video collection. We used tools such
as Unity to create videos for each caption pair. During gener-
ation, we ensured static visual consistency within each video
pair, introduced differences only in the targeted temporal
aspect, and kept the two videos in each pair nearly the same
in duration.

7.2. Prompt Details.
In this section, we present the full prompt template used
in our Human–AI collaborative pipeline (see Section 3.3).
The system prompt for TimeBlind consists of three parts:
(1) a General Prompt that defines the role and task, (2)
Detailed Requirements that specify the core generation
rules and logical constraints, and (3) an Output Format that

standardizes the response structure. The prompt includes
strict structural constraints to ensure high-quality minimal
pairs. When using this prompt, we provide a single category
as the “Input” each time.

Part 1: Role, Context, and Task Definition

Role
You are an expert in dataset curation and bench-
mark design for Multimodal Large Language Models
(MLLMs).

Context
We are constructing a benchmark called “TimeBlind”
to evaluate the temporal perception capabilities of
MLLMs. In TimeBlind, each data instance consists
of two videos (v1, v2) and two questions (q1, q2).
• The videos are visually similar (same objects/back-

ground) but contain distinct temporal dynamics.
• The questions are designed to distinguish these

specific temporal features.
• During testing, the model receives only one video

and one question at a time.

Task
I will provide you with a specific “Temporal Dy-
namic Category”. Your task is to generate a valid
data instance (one pair of videos and one pair of
questions) that perfectly fits the requirements below.

Part 2: Generation Requirements and Logical
Constraints

Requirements
1. Video Generation (v1 and v2)
• Format: Provide detailed text descriptions for

both videos.
• Feasibility: The scenes must be easy to collect via

web search, self-recording, or synthetic generation.
• Visual Consistency: v1 and v2 must share the

same objects, background, and camera angle. They
should look nearly identical in a static frame; the
difference must be purely temporal.

2. Question Generation (q1 and q2)
• Type: Two-choice multiple-choice or Binary Ques-

tions (Yes/No).
• Relevance: Both questions must relate to the pro-

vided “Temporal Dynamic Category.”
• Temporal Dependency: The questions must



strictly require temporal understanding. They can-
not be solvable by looking at a single static frame.

Logical Constraints (Crucial)
The answers (A) must adhere to the following logic
matrix to ensure the model is truly perceiving time:
• Constraint A (Cross-Video Difference): The an-

swer changes depending on the video.

A(q1, v1) ̸= A(q1, v2) and A(q2, v1) ̸= A(q2, v2)

• Constraint B (Intra-Video Difference): The two
questions have different answers within the same
video.

A(q1, v1) ̸= A(q2, v1) and A(q1, v2) ̸= A(q2, v2)

Part 3: Output Specifications

Output Format
Please present the result in the following structured
format:
Temporal Category: [Input Category]
Video Descriptions:
• v1: [Description]
• v2: [Description]
• Collection Source: [e.g., Synthetic / Self-shot /

Web]
Questions & Answers:
• q1: [Question Text]

Answer in v1: [Answer] / Answer in v2: [Answer]
• q2: [Question Text]

Answer in v1: [Answer] / Answer in v2: [Answer]
Reason:
• Why single-frame is insufficient: [Brief explana-

tion]

7.3. Quality Control Process
We used 8 annotators for quality review (separate from the 10
video recorders and 4 human evaluators). Each instance was
independently reviewed by 2 annotators, and video-question
pairs in each instance were accepted only upon unanimous
agreement. Instances were kept only if all constituent pairs
passed. The inter-annotator agreement was 94.3%, and Co-
hen’s kappa was 0.835. The total review time was 62.2
hours (∼2-3 min per instance per annotator). We also report
the per-category annotator agreement scores in Table 7; all
three categories achieve substantial agreement (κ > 0.8).
Event Attributes show the lowest agreement, consistent with
the inherently more subjective nature of judging continuous
properties such as speed and force, but still well above con-
ventional thresholds for high-quality annotation. The final
benchmark was then evaluated by 4 separate, independent

Table 7. Human annotation agreement across categories.

Category Agreement Cohen’s κ

Events 95.6% 0.88
Event Attributes 93.4% 0.84
Structural Event Logic 93.7% 0.81

annotators who achieved 98.2% I-Acc, confirming that it is
high-quality and largely unambiguous.

7.4. Benchmark Statistics.
Data Statistics. This section reports dataset statistics for
TimeBlind. TimeBlind includes both two-choice multiple-
choice and binary questions in equal numbers. It is a short-
video benchmark, with an average video duration of 8.49
seconds. We computed CLIP-based video similarity for all
pairs by sampling frames at 1 FPS, extracting per-frame
embeddings, and average-pooling within each video. The
mean pair similarity is 0.971 (median 0.979), and 88.3%
of instances have similarity above 0.95, confirming strong
static consistency by design.

Table 8. Statistics of the TimeBlind benchmark.

Statistic Value

Binary Question 1,200
Two-Choice Multiple-Choice Question 1,200

Avg. Video Length (sec) 8.49
Avg. Question Length (words) 20.54

Statistical significance. We report statistical significance
tests below. Wilson 95% confidence intervals on I-Acc (n =
600): (1) Random chance: 6.3% [4.6%, 8.5%], (2) Best
open-source (Molmo2-8B): 31.2% [27.6%, 35.0%], (3) Best
overall (Gemini 3 Pro): 48.2% [44.2%, 52.2%], (4) Human:
98.2% [96.8%, 99.0%].

All intervals are non-overlapping, confirming that perfor-
mance differences across tiers are statistically significant.
Since all models are evaluated on the same 600 instances,
we use the paired McNemar’s test for pairwise comparisons.
The gap between Gemini 3 Pro (48.2%) and human perfor-
mance (98.2%) is highly significant (p = 6.69 × 10−81).
The gap between Gemini 3 Pro and the best open-source
model, Molmo2-8B (31.2%), is likewise significant (p =
1.67× 10−12). A one-sample exact binomial test of Gemini
3 Pro against random chance (6.3%) confirms performance
significantly exceeds chance (p = 1.91 × 10−178). Even
the small 1.9% gap between GPT-5 (46.3%) and Gemini 3
Pro (48.2%) correctly registers non-significant (McNemar’s
p = 0.441), demonstrating that our sample size has appropri-
ate discriminative power: it captures meaningful gaps while



not over-claiming marginal ones.

7.5. Ablation Study
FPS Ablation. In this section, we study how increasing
the density of spatiotemporal sampling affects model per-
formance. We evaluate the advanced closed-source mod-
els GPT-5 and Gemini 3 Pro and the open-source models
Qwen3-VL-235B and Molmo2-8B at 1, 5, and 10 FPS. As
shown in Table 9, denser sampling provides only modest
gains. The best result (Gemini 3 Pro at 5 FPS, 56.2% I-Acc)
still leaves a 42.0% I-Acc gap compared with human per-
formance. Notably, performance does not monotonically
improve—Qwen3-VL-235B peaks at 5 FPS and drops at
10 FPS, likely because longer input sequences degrade rea-
soning. These results confirm that temporal understanding
deficits in TimeBlind are fundamental, rather than artifacts
of low sampling rates.

Table 9. FPS Ablation. Performance under different frame sam-
pling rates, with results reported in instance accuracy (I-Acc). The
best result, Gemini 3 Pro at 5 FPS (56.2% I-Acc), still trails human
performance by 42.0% I-Acc, and performance is not monotonic:
Qwen3-VL-235B peaks at 5 FPS but declines at 10 FPS, likely due
to degraded reasoning from longer input sequences.

Model 1 FPS 5 FPS 10 FPS

Human 98.2% 98.2% 98.2%

Qwen3-VL-235B 25.8% 35.0% 26.5%
Molmo2-8B 31.2% 31.7% 29.2%
GPT-5 46.3% 51.0% 49.3%
Gemini 3 Pro 48.2% 56.2% 49.6%

Video Similarity. We computed CLIP-based video similar-
ity for all video pairs by sampling frames at 1 FPS, extracting
frame-level embeddings, and average-pooling them within
each video. We further evaluate GPT-5 on two similarity-
based subsets, namely the top 30% highest-similarity pairs
and the bottom 30% lowest-similarity pairs. As shown in
Table 10, GPT-5’s performance is comparable across the
highest- and lowest-similarity subsets (45.7% vs 47.8%),
indicating that the benchmark’s difficulty does not depend
strongly on residual visual differences between paired videos.
Combined with the shortcut analysis in Table 4 (single-frame,
shuffled-frame, and language-only baselines all near random
chance), this confirms that TimeBlind is robust to subtle
residual visual cues.

7.6. Taxonomy
In this section, we introduce the detailed taxonomy of Time-
Blind as summarized in Table 11. The taxonomy is organized
into three hierarchical levels: Event, Event Attribute, and

Table 10. GPT-5 Performance on different similarity-based sub-
sets. The table reports GPT-5’s I-Acc results on the high-similarity
subset, the low-similarity subset, and the full benchmark. GPT-5’s
performance is comparable across the highest- and lowest-similarity
subsets (45.7% vs 47.8%), indicating that the benchmark’s difficulty
does not depend strongly on residual visual differences between
paired videos.

Subset I-Acc

Top 30% (highest similarity) 45.7%
Bottom 30% (lowest similarity) 47.8%
Full benchmark 46.3%

Structural Event Logic. For each level, we provide its for-
mal definition, constituent sub-categories, and illustrative
examples described through paired videos within the same
instance.

7.7. Failure Cases
For each failure case in Figure 4–Figure 10, we present fail-
ure cases for state-of-the-art models, including closed-source
models (GPT-5 and Gemini 3 Pro) and open-source models
(Qwen3-VL-235B and Molmo2-8B). For each failure case,
we show one question, two videos with their correspond-
ing captions, and each model’s answer to the question for
both videos. We indicate whether the answer is correct or
incorrect using check marks and cross marks.



Table 11. Hierarchical taxonomy of TimeBlind for video understanding. The taxonomy is structured into three levels—Event, Event
Attribute, and Structural Event Logic. For each level, we provide its conceptual definition, associated subcategories, and representative
paired video descriptions.

Taxonomy Definition Sub-Categories Example: Paired Video Descriptions

Fine-grained Action
Subtle differences in action phase
that are difficult to resolve from a
single frame.

• The man opens the door.
• The man closes the door.

State Transitions
Tracking attribute changes over
time (e.g., color, size, shape).

• The apple turns from red to yellow.
• The apple turns from yellow to red.

Speed
The rate at which an action is
performed or an object moves over
time.

• The man quickly opens the door.
• The man slowly opens the door.

Force
The intensity of an action as
reflected in visible physical effects
(e.g., acceleration, impact strength,
or deformation).

• The man gently opens the door.
• The man forcefully opens the door.

Magnitude
The spatial extent or scale of motion
or deformation.

• The person waves slightly.
• The person waves broadly.

Duration
The length of time an event lasts.

• The person holds the cup for a long time.
• The person holds the cup briefly.

Direction
The trajectory or spatial direction of
motion.

• The person moves toward the right side
of the frame.

• The person moves toward the left side of
the frame.

Repetition
The number of times an event
occurs.

• The person picks up the cup three times.
• The person picks up the cup twice.

Temporal Topology
Interval relations between event
intervals (Allen’s interval algebra),
such as before, meet, overlap, start,
during, finish, and equal.

• The person picks up the book and cup at
the same time.

• The person picks up the book and
subsequently picks up the cup after a short
delay.

Causal Contingency
The causal dependencies between
events.

• The first press causes the light to turn off.
• The second press causes the light to turn

off.

Cross-Event Comparison
The comparative reasoning over
attributes of different events within
the same video.

• The person holds the cup longer than the
book.

• The person holds the cup for less time
than the book.

Event

The atomic units of
temporal understanding,
encompassing
fine-grained action
phases and diverse state
transitions.

Event

Attribute

The properties that
characterize how an
event unfolds over time.

Structural

Event Logic

The higher-level rules
governing how events
relate to and compose
with one another.



How does the person's speed change in the video?

A) Gradually accelerating. B) Gradually decelerating

Video 1

Gemini-3-Pro:

Video 1:

Question:

Examples 1

Video 2:

Video 2 Video 1 Video 2

Video 1

Molmo2-8B:

Video 2 Video 1 Video 2

A girl walks in a park and gradually speeds up.

A girl walks in a park and gradually slows down.

GPT-5:

Qwen3-VL-235B:

Figure 4. Failure Case 1

Does the basketball shot go in?

A) The shot is made. B) The shot is missed.

Video 1:

Question:

Examples 2

Video 2:

A person shoots a basketball, and it goes right into the hoop.

A person shoots a basketball, but it does not enter the hoop.

Video 1

Gemini-3-Pro:

Video 2 Video 1 Video 2

Video 1

Molmo2-8B:

Video 2 Video 1 Video 2

GPT-5:

Qwen3-VL-235B:

Figure 5. Failure Case 2



Do the bottom lights turn on after a pause once the top lights go out?

Video 1

GPT-5: Gemini-3-Pro:

Video 1:

Qwen3-VL-235B:

Question:

Examples 3

Video 2:

Video 2 Video 1 Video 2

Video 1

Molmo2-8B:

Video 2 Video 1 Video 2

The bottom lights turn on as soon as the top lights turn off.

There is a small time gap between the top lights turning off and the bottom lights turning on.

Figure 6. Failure Case 3

Does the number of blue darts on the dartboard decrease?

Video 1

GPT-5: Gemini-3-Pro:

Video 1:

Qwen3-VL-235B:

Question:

Examples 4

Video 2:

Video 2 Video 1 Video 2

Video 1

Molmo2-8B:

Video 2 Video 1 Video 2

The number of blue darts on the dartboard decreases.

The number of blue darts on the dartboard increases.
.

Figure 7. Failure Case 4



Are the lychees put into a plastic bag only once?

Video 1

GPT-5: Gemini-3-Pro:

Video 1:

Qwen3-VL-235B:

Question:

Examples 5

Video 2:

Video 2 Video 1 Video 2

Video 1

Molmo2-8B:

Video 2 Video 1 Video 2

Put the lychees into the plastic bag three times.

Put the lychees into a plastic bag once.

.
.

Figure 8. Failure Case 5

Do the girl and the boy both pick up the same book?

Video 1

GPT-5: Gemini-3-Pro:

Video 1:

Qwen3-VL-235B:

Question:

Examples 6

Video 2:

Video 2 Video 1 Video 2

Video 1

Molmo2-8B:

Video 2 Video 1 Video 2

The girl and the boy pick up different books.

The girl and the boy both pick up the same book.

.

.
.

Figure 9. Failure Case 6



Do the wiping strokes gradually expand?

Video 1

GPT-5: Gemini-3-Pro:

Video 1:

Qwen3-VL-235B:

Question:

Examples 7

Video 2:

Video 2 Video 1 Video 2

Video 1

Molmo2-8B:

Video 2 Video 1 Video 2

The wiper’s strokes get smaller and smaller.

The wiper’s strokes get bigger and bigger.

.
.

Figure 10. Failure Case 7


	Introduction
	Related Work
	The TimeBlind Benchmark
	Task Formulation
	A Hierarchy of Temporal Composition
	Data Construction Pipeline

	Experimental Setup
	Experimental Results
	Main Results
	Category-Wise Diagnosis
	Shortcut Analysis
	Additional Analysis

	Conclusion
	Appendix
	Data Collection Processes
	Prompt Details.
	Quality Control Process
	Benchmark Statistics.
	Ablation Study
	Taxonomy
	Failure Cases


